Objective: Generic preference-based measures such as the EuroQol five-dimensional questionnaire (EQ-5D) are used in economic evaluation, but may not be appropriate for all conditions. When this happens, a possible solution is adding bolt-ons to expand their descriptive systems. Using review-based methods, studies published to date claimed the relevance of bolt-ons in the presence of poor psychometric results. This approach does not identify the specific dimensions missing from the Generic preference-based measure core descriptive system, and is inappropriate for identifying dimensions that might improve the measure generically. This study explores the use of principal-component analysis (PCA) and confirmatory factor analysis (CFA) for bolt-on identification in the EQ-5D. Methods: Data were drawn from the international MultiInstrument Comparison study, which is an online survey on health and well-being measures in five countries. Analysis was based on a pool of 92 items from nine instruments. Initial content analysis provided a theoretical framework for PCA results interpretation and CFA model development. PCA was used to investigate the underlining dimensional structure and whether EQ-5D items were represented in the identified constructs. CFA was used to confirm the structure. CFA was cross-validated in random halves of the sample. Results: PCA suggested a nine-component solution, which was confirmed by CFA. This included psychological symptoms, physical functioning, and pain, which were covered by the EQ-5D, and satisfaction, speech/cognition,relationships, hearing, vision, and energy/sleep which were not. These latter factors may represent relevant candidate bolt-ons. Conclusions: PCA and CFA appear useful methods for identifying potential bolt-ons dimensions for an instrument such as the EQ-5D. Keywords: preference-based measures, EQ-5D, health-related quality of life, bolt-on. 
Introduction
Generic preference-based measures (GPBMs) are prescored utility measures commonly used for calculating quality-adjusted lifeyears in economic evaluation. They comprise two components, a descriptive system and a value set. The descriptive system covers a set of dimensions relevant for the health-related quality of life (HRQOL), which can be defined by a set of severity or frequency levels. The value set assigns a score that reflects individuals' strength of preferences for the health states described by combinations of dimension levels.
The main theoretical advantage of GPBMs is their ability to measure the HRQOL across all diseases and interventions. A number of studies have investigated whether this claim has empirical support testing the measures' validity and responsiveness and generally finding good psychometric performance for many conditions [1] . Nevertheless, some concerns remain for some measures in some conditions. For example, in a recent overview of systematic reviews, the EuroQol five-dimensional questionnaire (EQ-5D) showed poor convergent and discriminative validity in numerous mental health, hearing, and visual disorders, the six-dimensional health state short form (SF-6D) mixed convergent validity and responsiveness in cardiovascular and respiratory diseases, and the health utilities index 3 (HUI 3) mixed convergent validity in some cancers [2] . Mixed validity was defined as some studies supporting and some studies reporting against the psychometric characteristic of the measure.
Two possible explanations may be given for GPBMs lack of validity and responsiveness. The first is that the number of levels in which the health dimensions are described is not sufficient to capture changes in patients' HRQOL for the investigated disease. The second is that important aspects of the HRQOL are not appropriately captured by the measure's descriptive system [3] . When the first problem arises, an effective solution is increasing the number of levels for those dimensions lacking sensitivity, as has been done with the development of the five-level EQ-5D
(EQ-5D-5L) [4] . For the second problem, three solutions have been used: eliciting values directly from patients, using a different GPBM, or using a condition-specific preference-based measure [1] .
Alternatives for addressing the lack of coverage all come at the cost of reduced cross-program comparability [5] [6] [7] [8] , because they involve using different health dimensions and/or valuation methods [9] . Even when valuation methods are the same (e.g., time trade-off values from the general population), there are other important sources of noncomparability (e.g., focusing effects and preference interactions). A fourth option has been proposed, which consists of the addition of bolt-ons to the descriptive system of the GPBMs under investigation [10] . This allows the content validity of the measure to be improved while simultaneously maintaining its core structure [11] , therefore allowing for better comparability between assessments.
Bolt-ons are dimensions that can be added to a GPBM. They were initially conceived to overcome the inadequacies of the parent instrument in a specific population [3] . However, bolt-on research can also be used to inform the development of a new generic measure of health, or a broader measure covering areas beyond health. The addition of bolt-on dimensions produces an extended descriptive system defined by the combination of the original dimensions plus the bolt-on. This results in a number of new health states equal to the number of original health states multiplied by the number of bolt-on levels. Health state values can be subsequently obtained through further preference elicitation.
Bolt-on studies published to date have investigated the effect of adding energy [12] , cognition [13] , sleep [14] vision, hearing, tiredness [3, 15] self-confidence, and skin irritation [11] to the EQ-5D, and pain/discomfort to a disease-specific preference-based measure, the Asthma Quality of Life Questionnaire (AQL-5D) [9] . This growing list of bolt-ons raises the important concern of how they should be identified. Psychometric evidence on validity, such as lack of known-group validity or convergent validity in conditions or disease areas, is one method. However, this type of evidence is often quite weak and it is difficult to prove one way or the other that a measure is invalid (for a detailed discussion of the reasons, please see Brazier and Deveill [16] ). Furthermore, this evidence does not help to identify the specific dimensions that are missing from the measures' descriptive system. Finally, studies producing psychometric evidence tend to be piecemeal, whereas the problem needs to be addressed more strategically because bolt-ons might be used to improve the measure generically through the addition of dimensions relevant to the HRQOL across multiple conditions. This study examined the potential of using a range of techniques to identify specific dimensions missing from an instrument among those covered by other existing GPBMs and subjective well-being measures (SWBMs). The EQ-5D has been chosen as a case study because it is the preferred instrument for health technology assessment in the United Kingdom [17] . GPBMs differ substantially in terms of their content [1] , and between them they cover a broad spectrum of items. The EQ-5D focuses on physical health (four of its five items cover mobility, usual activities, selfcare, and pain/discomfort), whereas other measures, such as the Assessment of Quality of Life (AQoL 8D), report a prevalence of psychosocial constructs (25 of its 35 items regard constructs, among others, of anger, self-esteem, satisfaction, and intimacy). Five GPBMs are commonly used in economic evaluations, and these are the EQ-5D, SF-6D, HUI 3, AQoL 8D, and 15D. These have been shown by Richardson et al. [18] to cover most of the health domains of interest and their items therefore represent an important pool of candidate bolt-ons. In addition, four validated and frequently used SWBMs were examined because these cover additional potentially relevant constructs for bolt-ons identification. These are the Personal well-being index (PWI), the Satisfaction with Life Scale (SWLS), the Office for National Statistics (ONS) measure, and the ICEpop CAPability measure (ICECAP).
Various statistical techniques can be used to identify which items/dimensions are potentially missing from a specific GPBM such as the EQ-5D when a large pool of items/dimensions from other measures is available. These are exploratory factor analysis, principal-component analysis (PCA), and confirmatory factor analysis (CFA). Exploratory factor analysis and PCA are data reduction methods that investigate the correlation matrix of a set of observed variables to reduce them into a smaller set of components [19] ; CFA is a confirmatory approach that verifies the appropriateness of a measurement model (relationships between factors and indicators) derived from theory and/or preliminary empirical research [20] ; exploratory factor analysis and PCA may be suitable for exploring the underlying dimensional latent structure to which the item pool of the GPBMs relate and which of the components are covered by the EQ-5D descriptive system. CFA can be used to confirm this anticipated dimensional structure.
There has been a long-lasting debate on the strengths and weaknesses of exploratory factor analysis and PCA, with some arguing in favor of the first technique [e.g., [21] [22] [23] and others in favor of the second [e.g., [24] [25] [26] . Differences between the two are mostly theoretical, as for practical purposes the choice does not seem to affect empirical results or substantive conclusions [e.g., [27] [28] [29] . This study used both methods and found no difference between the two. It presents PCA results only because this technique is the norm in the literature and the default option in popular statistical software packages [30] .
Methods

Data
This study uses the Multi Instrument Comparison database, the largest data set on health and well-being measures available worldwide [31] . A detailed description of data collection methods can be obtained from elsewhere [31, 32] . An online survey was carried out in six countries (Australia, Canada, Germany, Norway, the United Kingdom, and the United States) imposing quotas to obtain similar sociodemographic characteristics across countries. Edit procedures were applied to improve data quality, such as excluding respondents with large differences between duplicated questions and those who completed the survey in less than 20 minutes. The final sample comprised 8022 individuals.
Measures and Items
The five chosen GPBMs are the EQ-5D-5L, SF-6D, HUI 3, AQoL 8D, and 15D. The four selected SWBMs are the PWI, the SWLS, the four-item ONS measure, and ICECAP. This resulted in a pool of 92 items, 69 of which were taken from GPBMs and 23 of which were taken from SWBMs.
All items are ordinal categorical, with the number of levels varying between 4 and 11. In EQ-5D-5L, SF-6D, HUI 3, AQoL 8D, 15D, and ICECAP, lowest scores represent the best possible health status (e.g., level 1 mobility of the EQ-5D-5L is perfect mobility). In PWI, SWLS, and ONS, lowest scores represent the worst possible health status (e.g., level 0 satisfaction with life of the ONS represent "not at all satisfied"). Items wording is presented in the Appendix in Supplemental Materials found at http://dx.doi. org/10.1016/j.jval.2017.06.002.
Content Analysis
To provide a theoretical guide for interpreting the results, a content analysis of the items was performed following the Wilson and Cleary [33] conceptual model. The Wilson and Cleary model combines biological and psychological aspects of HRQOL,
defining five main areas including physiological factors, symptom status, functioning status, general health, and overall quality of life. A causal relationship is assumed in the model from physiological factors and symptoms to functioning to general health and overall quality of life.
GPBM and SWBM items were first clustered into homogeneous themes on the basis of their content. Subsequently, themes were assigned to one of the five categories of the model. To reflect domains commonly measured by GPBMs and as suggested by the Wilson and Cleary model, the symptoms category was further classified into physical or psychological symptoms, and the functioning category into physical functioning, psychological functioning, social functioning, and role functioning.
Multivariate Statistical Analyses
The Multi Instrument Comparison sample (n ¼ 8022) was split into two random halves with 4011 observations each. One random half was used for PCA and for specifying the CFA model, and the other random half was used for CFA cross-validation. The robustness of the model was subsequently tested using multiple resampling of the data set.
Principal-Component Analysis
Examination of the data indicated that items had non-normal distributions, which is common for categorical data. Categorical PCA, a form of PCA specifically geared to discrete ordinal values, was run using IBM Corp. . The fundamental idea of PCA is to examine the matrix of item correlations to reduce the information into a smaller set of components. These components can form the basis for hypotheses about latent factors. In the presence of high intercorrelation, items are assumed to be measuring the same latent component. All items are assumed to load onto all components.
Component eigenvalues represent the relative share of total variance accounted for by that component and can therefore be used to select the number of components. We selected components on the basis of parallel analysis [34] , a Monte-Carlo simulation of the eigenvalues obtained by randomly generated sets of data (n ¼ 1000) of the same size (number of variables and observations). Parallel analysis was chosen because it is considered a superior alternative to other techniques for selecting components [35] . To aid interpretability, the component matrix was rotated using Promax oblique rotation, which assumes that components are correlated, as shown in previous research [e.g., [36] [37] [38] [39] [40] . Rotations are a change in the coordinate of the component solution that makes the pattern of loadings more pronounced and therefore clearer. Components loadings, which are the correlation coefficients between the items and the identified components, are reported. The square of component loadings represents the amount of variance in the item explained by the component. Loadings were interpreted using cutoffs that are robust in the presence of non-normal distributions, which are as follows: loadings greater than or equal to 0.45 are relevant, loadings greater than or equal to 0.55 are good, and loadings greater than or equal to 0.63 are very good [41] .
Confirmatory Factor Analysis
CFA differs from PCA in that it does not allow for all items to freely load on all factors, but it requires the investigator to impose a measurement model to the data. Imposing a measurement model implies testing and validating a set of hypothesis on the number of relevant factors, the correlation between factors, and the associations between items and factors. This removes some of the arbitrariness of PCA (e.g. component rotation technique), allowing the significance of item loadings and the appropriateness of model constraint and model additions to be tested.
We used PCA results to inform on the most appropriate factor model to fit the data for CFA, which was tested on one of the two random halves of the Multi Instrument Comparison sample, using Mplus version 7 © [42] . Robust weighted least square with means and variance adjustment estimators were used as suggested for ordinal categorical data [42, 43] . We assessed model appropriateness using two practical goodness-of-fit indexes, the root mean square error of approximation (RMSEA) and the comparative fit index (CFI). The RMSEA was considered acceptable when 0.08 or less and good when 0.05 or less and the CFI acceptable when 0.90 or more and good when 0.95 or more [44] [45] [46] [47] [48] . In addition, the magnitude of factor loadings, residual correlations, and modification indexes were evaluated in comparison to other items and in an integrative manner. Despite then fact that stringent cutoffs were not used for interpretative purposes, loadings of 0.3 or more were generally considered good [49] . The model was revised to improve model fit by omitting items with small loadings if these were theoretically inconsistent with the factor structure identified and by specifying residual correlations (cross-loadings and local correlations). The final model was cross-validated using the second random half of the data set.
Subsequently, model robustness was tested using 10 random resampling of 50% of the observations and 1 random resampling of 10%, 20%, 30%, and 40% of the observations. Practical goodnessof-fit indexes were used to assess model appropriateness.
Identification and Selection of Bolt-Ons
The aim of the PCA and CFA was to identify potential bolt-ons for the EQ-5D. Strategies for identifying items or components/factors are presented below. In categorical PCA, components were considered as candidate bolt-ons if none of the EQ-5D items loaded on them because this suggests that no dimension of the EQ-5D covers the constructs identified. Items were considered as candidate boltons if 1) they loaded with a loading of 0.45 or more on components that did not contain any of the EQ-5D dimensions because this shows the items are not related to the EQ-5D descriptive system; 2) they reported loadings of 0.45 or less on all components because this suggests that the items are poorly associated with the component structure identified. The 0.45 or more cutoff was chosen because this identifies relevant, good, and very good loadings in the presence of non-normal distributions [30] . In CFA, factors were considered as candidate bolt-ons if none of the EQ-5D items loaded on them. Items were considered as candidate bolt-ons if 1) their main loading was on factors not covered by any of the EQ-5D dimensions and 2) they were not related to the factor structure identified.
Results
Content Analysis
Content analysis results are presented in Table 1 . Physical functioning was the category with most items, 26 out of 27 of which were taken from GPBMs. In contrast, only one item was related to the "general health" category, and this was from a subjective well-being measure. One category (physical symptoms) covered only one theme (pain), whereas other categories (e.g., psychological symptoms) covered numerous themes (anxiety/depression, coping, isolation, etc.). Some items were related to more than one category. For example, the AQoL 8D item "frequency of pain interfering with usual activities" was assessed as being related to both physical symptoms and physical functioning. It was placed under the pain category but it was expected to report cross-loadings. 
Multivariate Statistical Analysis
Principal-Component Analysis
Parallel analysis using both raw data and permutations supported a nine-component model (Table 2 ). This explained 61.81% of the total variance and appeared easily interpretable and generally consistent with the content analysis, and was for these reasons retained. Components emerging from the analysis are, in order of eigenvalue magnitude, physical functioning, psychological symptoms, satisfaction/contentment, pain, relationships, speech /cognition, hearing, energy/sleep, and vision.
The EQ-5D descriptive system covered three of the nine components, with anxiety/depression loading on psychological symptoms, mobility, self-care, and usual activities on physical functioning, and pain on pain. The remaining components, namely, satisfaction, speech, relationships, hearing, vision, and energy/sleep, were identified as candidate bolt-ons because none of the EQ-5D dimensions loaded on them.
Forty items loaded on the six components not covered by any of the EQ-5D dimensions with loadings of 0.45 or more. Of them, 17 loaded on satisfaction, 7 on energy/sleep, 6 on close PCA, principal-component analysis; PWI, Personal well-being index; rel, relationship; SF-6D, six-dimensional health state short form; SWLS, Satisfaction with Life Scale.
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* Components or individual items identified as candidate bolt-ons for the EQ-5D using CATPCA.
relationships, 6 on speech/cognition, 3 on hearing, and 2 on vision. These items could form the basis for candidate bolt-ons for the EQ-5D. Ten items were found to have loadings of less than 0.45 on all components, and these were the SF-6D role item, the 15D sexual activities and elimination items, the AQoL 8D happiness, contentment with life, social exclusion, communication, and enthusiasm items, and the ICECAP feeling settled and secure and enjoyment and pleasure items. These items also represent candidate bolt-ons for the EQ-5D.
As expected, components were found to correlate. For example, the psychological symptoms component correlated substantially with the satisfaction/contentment, relationships, physical functioning, and energy/sleep ones, whereas the pain component had a strong correlation with the physical functioning construct.
Confirmatory Factor Analysis
Following the PCA results, two 9-factor first-order confirmatory models were tested. Four items were removed from model 1 (15D eating and elimination, AQoL 8D frequency of pleasure, and ICECAP Enjoyment and pleasure) because their content was considered theoretically inconsistent with the constructs on which they loaded. Subsequently, the model underwent an iterative process of specification, analysis, and respecification. Two items were excluded because they showed local dependencies and large residual correlations with numerous other variables (PWI satisfaction with health and AQoL 8D contentment with life). The final model exhibited good fit, with an RMSEA of 0.041 (90% CI 0.040-0.041) and a CFI of 0.963. This was fitted to the second random half of the data set, reporting once again good fit, with an RMSEA of 0.039 (90% CI 0.039-0.040) and a CFI of 0.965. All random resampling of the data set showed that the model was robust using different subset of the observations. Factor loadings for the final confirmatory model are presented in Table 3 . The factor correlation matrix and goodness-of-fit indexes for the random resampling are available in the Appendix.
CFA substantially confirmed the results of categorical PCA in terms of the number of factors identified and items relationship with factors. However, five candidate bolt-ons found with categorical PCA were not confirmed using CFA because they had higher loadings in the CFA (40.45) compared with the PCA. These were the SF-6D role, the 15D sexual activities, and HUI 3 dexterity, which all loaded onto physical functioning, and the AQoL 8D happiness and the ICECAP feeling settled, which loaded on psychological symptoms. Some items presented cross-loadings on one or more factors. If developed into bolt-on dimensions, these items would most likely be sensitive to multiple health aspects.
Bolt-ons selected using categorical PCA and CFA are presented in Table 4 .
Discussion
This study investigated the potential of using PCA and CFA for GPBMs bolt-on identification. The results have helped in identifying potential independent factors and independent items that may be considered possible add-on dimensions to the EQ-5D. PCA and CFA were generally concordant in pinpointing a common factor structure and similar patterns of association between items and factors. Bolt-ons identified were generally consistent across the two techniques, with 54 out of the 57 items found using PCA being confirmed using CFA.
Similar results in terms of factor structure and identified boltons might erroneously suggest that these methods can be used interchangeably. However, this is not the case, because PCA and CFA are different techniques that differ in their final goals. PCA explores item intercorrelations with the objective of reducing the items into a smaller set of components, whereas CFA is an inferential technique that tests hypothesis on the validity of a predefined measurement model. This makes PCA alone insufficient for identifying bolt-ons, because it is important to be able to undertake some form of hypothesis testing (e.g., on the impact of adding items, specifying cross-loadings, or specifying residual variances). However, because measuring health constructs is complex, scale development and construct validation studies usually suggest CFA only after having used exploratory techniques to investigate the latent structure [e.g., 50], which would be advisable also for bolt-on identification studies.
The set of strategies we used for identifying bolt-ons was broadly based on how well the EQ-5D covered the factorial structure identified and how strongly items loaded on these factors. Criteria used are based on suggested cutoffs in the literature, as well as specifications of the models and reliance on the Wilson and Cleary model. Changes in these choices may result in different bolt-ons being identified. Further consideration of criteria may improve the identification process. The identification of factors and items is the first important step for deriving bolt-ons systematically. However, other equally important phases follow, and need careful consideration. First of all, not all factors and items can be added to the EQ-5D simultaneously because this would affect the acceptability and feasibility of the measure. Because the process of developing and appending bolt-ons might be costly and complex, some form of further selection process from the identified list of factors and items might be needed. Using structural equation modeling to select factors and items based on their position in the causal pathways, or on whether they cover relevant parts for a health measure, could be one approach. These choices have an impact on which bolt-ons are chosen and should therefore be linked to the aim of the bolt-on study because the aim of developing a broader measure for assessing areas beyond health is different from developing a broader measure of health and results in different bolt-ons being relevant.
Another possible selection issue might arise for items because these might present different wordings and labels, or might measure interrelated but distinct aspects of health despite loading on the same factor, for example, speech and cognition. Detailed selection procedures need to be investigated for item choice, such as selecting items in order of loadings strength, or using different approaches such as their impact on a measure of self-rated health, or more generally on their impact on people's well-being, and amenability to valuation or impact on preferences.
Selected factors and items need to be developed or adapted into actual bolt-on dimensions. Creating a clear and easily understood wording requires care to ensure conformity with the original measure and ease of questionnaire completion. It would always be recommended to test the face validity of the developed boltons both with members of the general public and with patients.
Because the ultimate goal of a generic preference measure descriptive system is detecting health decrements that are considered relevant for influencing responders' choices, each of the developed/adapted bolt-on dimension should be assessed in terms of its impact on individuals' preferences over health states. Preferences for health states have been already used to test bolt-ons using time trade-off [e.g., 15 ]. This technique is Loadings not statistically significant at 0.01 level.
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Category
Original measure Categorical PCA bolt-ons CFA bolt-ons cognitively complex and ethically problematic for some groups [51] , as well as expensive and time consuming [1] . Hence, further research is planned by this research group to develop cheaper and more appropriate methods, an example of which could be using discrete-choice experiment question to assess whether the addition of a bolt-on dimension results in a switch in preferences for pairs of health states. Finally, it is important to consider that inclusion of bolt-ons may have an impact on the utility values of the core items/ dimensions of the GPBM. Early studies found interaction effects between bolt-ons and the core dimensions of GPBMs, as well as interaction effects between bolt-ons and the severity of health states, suggesting that simple additive models are likely to lack appropriateness [9] . Further research is required to test whether more complex models (e.g., multiplicative) could be used to establish the impact of bolt-ons on the other dimensions values, or whether full valuations of the bolt-on alongside the original measure is required [15] .
This study has some limitations. Disease-specific measures were not included in the analysis. Because these might describe constructs not covered by GPBMs and SWBMs, some candidate bolt-ons might have been missed. This study therefore suggests a valid method for bolt-on identification only if the dimensions of interest are already covered by at least one of the measures included in the data set. Dimensions that have not been included in any existing generic measure might represent equally relevant candidate bolt-ons. For example, this might be one of the reasons why some categories of the content analysis such as physical symptoms were covered only by one theme, that is, pain. In this latter case, different techniques, such as qualitative interviews with patients, might be needed for identifying bolt-ons (see, e.g. the case in mental health in Brazier et al. [52] ).
In the analysis, cross-validation was performed on a random half of the data set, because a second database including the same GPBMs and SWBMs does not exist to date. This might have reduced the statistical power of the analysis. Furthermore, only one strategy for selecting bolt-ons for PCA and CFA was used. Because different approaches might determine different bolt-on selection, a full analysis of the impact of selecting bolt-ons using different criteria might have increased the confidence in the results obtained.
Despite these limitations, this study constitutes an important effort in that it clarifies that PCA and CFA can be used for identifying bolt-ons in GPBMs, it proposes one strategy for selecting bolt-ons when the purpose is expanding a GPBM's descriptive system coverage of health constructs, and it highlights the need of using the two methods in an integrated manner to appropriately select bolt-ons.
